Protein-protein docking algorithms typically generate large numbers of possible complex structures with only a few of them resembling the native structure. Recently (Duan, et al, Protein Science, (2005) 14, 316-218), it was observed that the surface density of conserved residue positions is high at the interface regions of interacting protein surfaces, except for antibody-antigen complexes, where a lower number of conserved positions than average is observed at the interface regions. Using this observation we identified putative interacting regions on the surface of interacting partners and significantly improved docking results by assigning top ranks to near-native complex structures. In this paper, we combine the residue conservation information with a widely-used shape complementarity algorithm to generate candidate complex structures with a higher percentage of near-native structures (hits). What is new in this work is that the conservation information is used early in the generation stage and not only in the ranking stage of the docking algorithm. This results in a significantly larger number of generated hits and an improved predictive ability in identifying the native structure of protein-protein complexes. We report on results from 21 well-characterized protein complexes. We compute conservation indices (CI) of residue positions on the surfaces of interacting proteins using available homologous sequences from UNIPROT and calculate the solvent accessible surface area (SASA). We combine this information with shape-complementarity scores to generate candidate protein-protein complex structures. When compared with pure shape-complementarity algorithms, performed by FTDock, our method results in significantly more hits, with the improvement being over 100% in many instances. We demonstrate that residue conservation information is useful not only in refinement and scoring of docking solutions, but also helpful in enrichment of near-native-structures during the generation of candidate geometries of complex structures.
Introduction
Predicting the structure of protein-protein complexes using computational methods has progressed substantially [1] [2] [3] [4] [5] [6] [7] . From a practical point of view, finding an appropriate protein docking solution is generally addressed in two stages: (1) A search over the entire binding and conformation spaces in order to generate candidate complex geometries, and (2) Development of a suitable scoring function to distinguish near native structures from false solutions generated in the first stage. To address the first stage, numerous docking algorithms have been developed based on shape complementarity search algorithms, 8 such as PUZZLE, 9 DOCK, 10 FTDock, 11 DOT, 12 and ZDOCK, 13 with new techniques constantly introduced into docking procedures, such as expansion of the molecular surface and electric field in spherical harmonics, 14 and genetic algorithms. 15, 16 Our recent analysis of well-resolved protein complexes indicated that the surface density of highly conserved residues is appreciably higher in protein-protein interface positions compared to the other positions of protein surfaces. 17 On the other hand, for antibodyantigen complexes, a very low number of conserved positions were observed in the interface regions.
In reference 18 we described our docking analysis and ranking of docked complex structures using conservation information for 59 benchmark complexes 19 Specifically, we initially used FTDock 11, 20 to generate 10,000 docked models for each of the complexes. At a second stage, we used conserved residue position information as a filter to reduce the number of docked structures. In addition to filtering, we also used conservation information to rank the remaining docked structures, demonstrating that conservation can be used to increase the accuracy of near-native complex structure predictions.
Obviously, if more near native structures (hits) are generated in the first stage, the docking solution at stage two will potentially have improved selectivity. Therefore, in this paper, we combine residue conservation information with shape-complementarity criteria in the first stage of docked structures generation and investigate whether more hits are generated compared to the traditional shape-complementarity algorithms. 11, 20 We then follow the ranking procedure described in ref. 18 to get the final rank for a set of 21 complexes.
Materials and Methods

Conservation of Residue Positions
The calculation of conservation of residue positions is described in detail in references 17 and 18. Here we only give a brief summary. The sequences of two proteins of the complex are used to obtain their homologous sequences from the annotated, nonredundant protein sequence database UNIPROT using the FASTA3 (http://www.ebi.ac.uk/fasta33/) sequence similarity search tool. Homologous sequences with less than 30% gaps in the sequence and greater than 35% sequence identity to the parent sequence were used for analysis. Based on amino acid substitution matrix M(a,b) values introduced by Gonnet and coworkers, 21 a similarity score S ii for sequence i is calculated by summing the identical substitution values (diagonal values from M(a,b)). Similarly, score S jj is calculated for sequence j. A similarity score S ij between the sequences i and j is calculated using substitution matrix values of corresponding aligned residues between the two sequences. Using the amino acid substitution matrix of ref. 22 , conservation index (CI l ) is a weighted sum of all pairwise similarities between all residues present at the position l. The CI l value is calculated using the following equation in a given alignment and takes a value in the range [0,1].
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where N is the number of homologous sequences in the alignment; s i (l) and s j (l) are the amino acids at the alignment position l of sequences s i and s j respectively; ED(s i ) and ED(s j ) are the average evolutionary distances of s(i) and s(j) from the remaining homologues and defined as:
Mut(a,b) measures the similarity among the amino acids a and b as derived from amino acid substitution matrix M(a,b) and defined as: Using the software package PSA, 23, 24 the solvent accessible surface area (SASA) of amino acids is calculated for the two structures and used to identify surface residues and buried residues. We then identify the top 8% (defined as group 1) and 17% (defined as group 2) of highly conserved residues, which have solvent accessibility greater than 25% of their total surface area. As an example, in Table 1 we list the highly conserved surface residues of the molecular structure of the bovine α-chymotrypsin -eglin-c complex (Protein Data Bank code: 1ACB) and specifically of the E and I chains. Table 1 . The top 17% highly conserved positions for 1ACB. Solvent accessible area and the conservation index (CI in eq. 1) are given in parenthesis respectively. The residues shown in bold fall in the top 8% list. For each docked model, we also calculate the difference between the values of SASA for each residue of the complex and the free protein molecules. If this difference is greater than 10%, we consider this residue an interacting interface residue. If this position is conserved we count on the number to get the number of conserved positions.
For each model complex, we add all conservation indices (CI) for each conserved position to get two values for group 1 and group 2 respectively. Then we take the average of these two values and use this average value as one of descriptors in our global ranking scheme. Specifically, when we apply the conserved residue information to identify possible model structures, we assign higher ranks to the models with high numbers of conserved position for non-antibody complexes and to the models with low numbers of conserved positions for antibody-antigen complexes.
Combination of Shape-Complementarity with Conservation Residue Position
The calculation of shape complementarity between any two proteins A and B initially projects the two molecules onto a 3-D grid of N 3 points, represented by discrete functions:
Then the surface and the interior of each molecule are distinguished by empirical parameters ρ and δ respectively: 
The correlation function (score) is calculated as: C(a,b,r) . Using a discrete fast-Fourier transform (FFT) the computation is order N 3 ln(N 3 ) instead of order of N 6 of the direct calculation using eq. (6) . Using this scoring function, we ranked all of the possible generated complex structures.
In order to employ position-specific conservation information in the generation stage we follow the following procedure. For each shift vector (a,b,r), according to equation (6), we only retain the 10 structures with the highest correlation scores. This resulted in about one million possible models. Then we apply residue conservation information as a filter to retain a subset of models. In order to compare with the shape-complementarity based algorithm FTDock, the number of models in the retained subset is fixed around 10,000, which is the number of models generated by FTDock.
Global Normalized Ranking
We developed a normalized ranking scheme using multiple descriptors/criteria including the conservation index. For each individual descriptor, the rank was obtained by finding the maximum (V max ) and minimum (V min ) of their values and using the following equation:
where V i is the property value of candidate complex i, and N is the total number of complexes after filtering. There may be some gaps if the difference between complexes is large, and several complexes can have the same rank number if their values are very close to one another. For antibody-antigen complexes, we use (V i -V min ) to substitute (V max -V i ) term in equation (7).
The global score is obtained by a weighted average of all normalized ranks:
where M is the number of rank methods (descriptors), σ i is the weight for descriptor i.
Here we only take M=4 which are the desolvation energy, conservation indices, pairpotential and shape-complementarity score.
Results
Hits of Shape-Complementarity performed by FTDock
In order to compare the conservation-based algorithm with traditional shapecomplementarity, we performed FTDock for the 21 chosen complexes and obtained 10,000 docked models and their ranks according to the correlation function of shape complementarity and pair potential. For these 10,000 docked models, we calculated the root mean square deviation (RMSD) of Cα atoms of each model structure from the native complex structure. We then defined "hits" as the number of models having RMSD less than 4.5 Å from the native structure (shown in Table 2 ). Also shown in Table 2 are the lowest RMSD (LRMSD) complex obtained with FTDock and its corresponding shapecomplementarity rank and pair potential rank. Table 2 . The results of FTDock and our algorithms for 21 complexes. The number of complexes with RMSD less than 4.5Å (Hits), shape-complementarity ranks (SC_rank), pair potential ranks (PP_rank) and the lowest RMSD (LRMSD) model in the 10,000 possible docked models for each complex are shown. After combining residue conservation information with shape-complementarity, the number of complexes (NC), the number of new hits, the improvement factor by combining residue conservation information with shape-complementarity (I_fact) over FTDock, the sorting global score calculated from equation (8) for the LRMSD (G_rank), the number of hits within the first 100 ranks (E_hits), and the rank for the first hit (1 st _rank) are also presented. 
FTDock
Hits from Combination of Conservation Residue Information with Shapecomplementarity
As described in the Method sections, we combined residue conservation information with shape-complementarity. We applied our algorithms to the 21 complexes which are taken from a non-redundant protein complexes benchmark first used by Chen and co-worker, 19 and kept the total generated complex structures to be around 10,000 possible models as in FTDock. This set of possible models is not the same as the set generated from FTDock as described in above section. We also listed the number of hits, number of possible models and the LRMSD in Table 2 for comparison.
In order to clarify the improvements of conservation-based algorithms over pure shapecomplementarity algorithms, we define the improvement factor (I_fact) as I_fact = (hits/models) conserve /(hits/models) FTDock , where hits/models is the ratio of the number of structures with RMSD<4.5 Å from the native structure over the number of complex models generated. The results are detailed in Table 2 and depicted Figure 1 . It is observed that there are 17 out of 21 complexes with I_fact greater than 1.0. Most of them (12) are greater than 2.0, with the improvement over 100%. For a few complexes (1CSE, 1JHL, 2TEC) applying the filter resulted in more than 400% improvement. For 1EFU and 1FIN, no hits were obtained with FTDock.
There are only 4 out of 21 complexes (1BRC, 2KAI, 2PTC, 2SIC)) with 0.9 < I_fact < 1.0 with FTDOCK and the conservation-based algorithm generating similar numbers of hits per docking model.
Global-ranking
As described in the Methods section, we derived a global ranking function by renormalizing the rank of each employed descriptor (eq. 7), and used weights 5, 1, 1, and 2 for the descriptors of desolvation energy, conservation indices, shape-complementarity, and pair-potential energy respectively in a new global ranking function (eq. 8). Using this function we obtained a new global rank for each model complex. Six representative example plots of the global rank versus the RMSD are shown in Figure 2 .
The rank of the LRMSD structure for each complex is also listed in Table 2 (G_rank). From Figure 2 and the value of G_rank, we can see that in most of the model complexes the near native complexes have lower ranks. Comparing the G_rank with the PP_rank in Table 2 , there are only 2 cases (1AVZ, 1JHL) for which the G_rank is higher than the pair-potential rank. For 19 complexes the new global ranking fairs better than the pairpotential rank.
In Table 2 , we also present the number of hits (E_hits) within the first 100 ranks. For only two complexes (1AVZ, 1FIN) , did the application of the global rank result in no hits in the top 100 ranked structures. For 19 complexes, E_hits values are relatively high. 
Discussion and Concluding Remarks
There have been several reports investigating the role of conservation of interfacial residues in naturally occurring protein complexes, using evolutionary tracing of conserved residues in homologous sequences and structures. [25] [26] [27] [28] [29] [30] [31] [32] Our analysis of well-resolved protein complexes indicated that the density of highly conserved residues is considerably higher in protein-protein interface positions compared to the other positions of the protein surfaces, 17 and we successfully used residue conservation information to filter and rank the docking solutions of protein complexes.
The generation of docking solutions is typically based on shape-complementarity arguments, retaining the protein-protein complex structures with relatively high complementarity scores. Of those only few are actually near the native protein-protein structure. This seriously hampers the identification of the actual protein-protein structure even by the most accurate filtering and ranking methods.
In this paper we demonstrated that conservation information can be employed in the generation stage of docking algorithms so that the number of near-native structures is increased. After preparing the conservation information in the form of a conservation index of each position and using a solvent accessible surface area measure, we can identify the conserved residue positions on the surface. The improvement is significant: 17 out of 21 protein-protein complexes have more hits in the docking solutions compared with the shape-complementarity algorithm FTDock. Furthermore, although for 1EFU and 1FIN pure shape-complementarity arguments fail to generate any hits, the described combination algorithms do generate 1 and 2 hits respectively.
In conclusion, residue conservation information is not only useful in refining docking solutions, but also helpful in generating more hits. Although we have used the publicly available FTDock here, generally our approach can be easily adapted to any other docking algorithms to generate more possible near-native structures.
